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A set of proteins is a complex system whose elements are interrelated on the concept of sequence- and
structure-based similarity. Here, we applied a similarity network-based methodology for the representa-
tion and analysis of protein sequences and structures sets using a non-redundant set of 311 proteins and
three different information criteria based on sequence-derived features, sequence local alignment and
structural alignment. A wide set of measurements, like network degree, clustering coefﬁcient, character-
istic path length and vertex centrality were utilized to characterize the networks’ topology. Protein sim-
ilarity networks were found medium or highly interconnected and the existence of both clusters and
random edges classiﬁed their fully connected versions as Small World Networks (SWNs). The SWN archi-
tecture was able to host the continuous similarity transition among proteins and model the protein infor-
mation ﬂow during evolution. Recently reported ancestral elements, like the a/b class and certain folds,
were remarkably found to act as hubs in the networks. Additionally, the moderate information value of
sequence-derived features when used for fold and class assignment was shown on a network basis. The
methodology described here can be applied for the analysis of other complex systems which consist of
interrelated elements and a certain information ﬂow.
 2010 Elsevier Inc. All rights reserved.1. Introduction
Our world can be described as the world of networks which
describe the interrelations found in real-world complex systems.
Biological and chemical systems, social interacting species, com-
puter networks and the Internet are only some paradigms of net-
works. In order to reveal properties for a system described by a
network, network topology measurements can be studied, e.g.
the degree of a network which is the average number of neighbor
vertices. The regularity or randomness within a network can also
be quantiﬁed through the measurements of the characteristic path
length, L, which is the average over the minimum number of con-
nections that must be traversed to connect all possible pairs of ver-
tices, and clustering coefﬁcient, C, which is the average degree of
clustering in the neighborhoods of all vertices. L and C can be used
to characterize a network as: (i) regular which has high density of
connections between nearby vertices and one has to pass in aver-
age from a great number of edges in order to get from one vertex to
another (high L and C), (ii) random which is unclustered and ran-
dom edges between vertices provide the property of a short char-
acteristic path length (small L and C) and (iii) a Small Worldll rights reserved.
alavanis), gspyrou@bioacadeNetwork (SWN) which actually stands between the two extremes.
The SWN, ﬁrst introduced by Watts and Strogatz [1], is the struc-
ture we get when a few edges between not nearby vertices are
superimposed on regular networks thus providing the property
of small or intermediate L along with a high C. These properties
actually enable SWNs to describe real-world systems [2]. The exis-
tence of hubs, that is elements that are more interrelated than oth-
ers in SWNs, i.e. they dominate the network activity, is another
feature of real-world systems and was later introduced by Barabasi
[3]. Hubs make SWNs more robust, i.e. they are tolerant and don’t
collapse in case of random vertices/edges removal and instead they
keep the overall connectivity level measured, e.g. by the character-
istic path length of the network. However, the removal of hubs
would interrupt the interconnectivity in the network.
Network-based representation of sole proteins or protein sets
has already been used to study proteins in many aspects, whereas
many studies have shown that proteins, among other real-world
complex systems, possess Small World Network properties. In
[4,5] folded proteins were transformed to networks that possessed
small-world properties. Residue closeness in residue interaction
graphs was used to identify functional residues in [6], while
Dokholyan et al. [7] found that higher average connectivity of pro-
tein conformation topologies characterizes conformations with a
high folding probability. Afﬁnity of a query protein in multi-attri-
bute similarity networks was used along with a Bayesian classiﬁer
Table 1
Distribution of proteins within dataset in folds and classes.
Fold Nseq. Nstruc.
a Class
1. Globin-like 13 13
2. Cytochrome c 7 6
3. DNA-binding 3- helical bundle 12 12
4. 4-helical up-and-down bundle 7 7
5. 4-helical cytokines 9 7
6. Alpha;EF-hand 6 6
b Class
7. Immunoglobin-like b-sandwich 30 27
8. Cupredoxins 9 9
9. Viral coat and capsid protein 16 16
10. ConA-like lectins/glucanases 7 6
11. SH3-like barrel 8 8
12. OB-fold 13 13
13. Trefoil 8 7
14. Trypsin-like proteases 9 8
15. Lipocalines 9 9
a/b Class
16. (TIM)-barrel 29 28
17. FAD (also NAD)-binding motif 11 11
18. Flavodoxin-like 11 11
19. NAD(P)-binding Rossman-fold 13 13
20. P-loop containing nucleotide 10 9
21. Thioredoxin-like 9 9
22. Ribonuclease H-like motif 10 9
23. Hydrolases 11 11
24. Periplasmic binding protein-like 11 11
a + b Class
25. b-Grasp 7 7
26. Ferredoxin-like 13 11
27. Small inhibitors, toxins, lectins 13 12
Nseq. and Nstruc. are the number of sequences and structures of each fold, respec-
tively. Each of the 27 folds is assigned an indexing number (1,2,. . .,27).
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Dokholyan et al. [9] constructed a protein domain universe graph
(PDUG) and showed that PDUG represents a scale-free network
featuring the power-law distribution of number of edges per ver-
tex. Properties of a protein chain universe graph (PCUG) based on
structural similarity were studied in [10] and detailed subcluster
information was obtained through spectral analysis of the network
at a certain similarity. A structural similarity network using repre-
sentative proteins of 585 folds was constructed by Sun et al. [11]
and was shown to belong to the class of SWNs.
In the current study,wevisited the sequenceand structural space
using similarity networks based on three different information lev-
els: (i) sequence-derived features, (ii) local sequence alignment and
(iii) structural alignment. Both spaces were studied and compara-
tively quantiﬁed simultaneously for the ﬁrst time to the authors’
knowledge using the similarity network approach, while se-
quence-derived featureswere used ﬁrstly here for the analysis of se-
quence space. Protein similarity networks were constructed using
an initial non-redundant set of 311 proteins organized at class and
fold level according to SCOP and were in detail quantiﬁed using a
set of network topology parameters thus extending previous
researchers’ work, e.g. the study in [11] which focus on the random-
ness/regularity of a structure-based fold similarity network. Fold
similarity networks were constructed, as well, in order to study
the similarity interrelations at an upper level. Our main scope was
to use the network-based description in order to evaluate the regu-
larity or randomness in both sequence and structural space and then
reveal the existenceof elements thatdominate thenetworks activity
in relation with their biological insight. Protein similarity networks
of same sparsity, constructed based on sequence-derived features
and structural alignment, were comparatively analyzed in terms of
interrelations between proteins that belong to the same or different
classes or folds, as well. Thus, we made conclusions regarding the
information value of sequence-derived features for fold and class
assignment and put the basis for sequence-derived features selec-
tion using the similarity network approach presented here. It has
to be noted that we ﬁrstly introduced the use of protein similarity
networks constructed based on sequence-derived features and
structural alignment in [12], where networks were used in a preli-
minary study towards fold recognition. Here, we extend the use of
similaritynetworks for the analysis of sequence and structural space
on the basis of the same protein dataset.2. Methods
2.1. Dataset
A non-redundant, well deﬁned and used as reference dataset of
311 proteins [13–15] was used in order to construct protein and
fold similarity networks. It was extracted in its initial form using
PDB_Select sets [16] and is a set of proteins organized in 27 repre-
sentative folds according to SCOP [17] with no more than 35% of
sequence identity for aligned subsequences longer than 80 resi-
dues. A search for the corresponding structures in Protein Data
Bank [18] and a pattern matching between the sequences con-
tained in the set and the whole .pdb ﬁles were utilized. This yielded
to a total of 296 protein substructures, due to 15 .pdb ﬁles with
missing information on atom coordinates. The distribution of pro-
teins sequences and structures of the dataset in the 27 folds and
four structural classes (a, b, a/b, a + b) is presented in Table 1.2.2. Construction of similarity networks
The protein similarity networks were constructed using each of
the proteins as a vertex in the network, whereas an edge occurredbetween two proteins given that a certain similarity criterion was
met. Networks were constructed separately using similarity crite-
ria at structural and sequence levels. In the case of structures,
the DaliLite workbench [19] for structural alignment was utilized
and Z-score was used as quantitative measure of the similarity.
The criterion ZP 2, used in other studies [11,20] to ensure signif-
icant similarity between two structures, was applied. In the case of
sequences, two different similarity concepts were used, i.e. similar-
ity based on (i) sequence-derived features and (ii) sequence local
alignment, and the corresponding similarity networks were
constructed. Regarding sequence-derived features, the similarity
between two proteins was calculated based on 125 features con-
cerning amino acid composition (20 features), predicted secondary
structure (21 features), hydrophobicity (21 features), normalized
van der Waals volume (21 features), polarity (21 features) and
polarizability (21 features) [13,21]. The values of features were
normalized in [0, 1] and the Euclidean distances (dist) between
the 125-dimensional feature vectors for all possible pairs of pro-
teins were calculated. An edge occurred between two vertices gi-
ven that the distance was less than a predeﬁned threshold
dist 6 1.6 that yielded to a network almost as sparse as the struc-
tural similarity network constructed for signiﬁcant structural sim-
ilarity (ZP 2). The BLAST tool (we used the default parameters and
Blosum62 substitution matrix) was utilized to measure sequence
similarity in order to construct the similarity network that uses
the local alignment similarity concept, as it was done in [22] to-
wards protein ranking. An edge occurred between two vertices gi-
ven that the local alignment similarity was featured an E-value less
than 0.005 (E 6 0.005). The same threshold was used in [22] for
excluding weak edges (E > 0.005) in the protein similarity network
constructed there. All protein similarity networks obtained using
the set of proteins (311 sequences or 296 structures) were not
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connected with all others through a ﬁnite path. Thus, networks
were reconstructed by removing the isolated vertices (either exist-
ing as orphan vertices or in isolated groups) in order to get their
fully connected version. Fold similarity networks were constructed
using the three above described similarity concepts and each of the
27 folds of the dataset as a vertex, as well. An edge occurred be-
tween two folds given that the corresponding similarity criterion
was met at least between two proteins of the two folds, that is
there was a bridge between them.
2.3. Analysis of similarity networks
Several parameters were extracted for the constructed net-
works. For a network of N vertices and K edges, the extracted
parameters included degree k, i.e. the average number of neighbors
of a vertex (k = 2K/N) and the level of sparsity of the network, i.e.
the fraction of all possible edges that appear in the network
(S = 2K/N(N  1)). The fraction of all paths between vertices that
are ﬁnite (100% for a fully connected network) is another measure
of the connectivity of the network, whereas the regularity or ran-
domness of the networks was described by the characteristic path
length L and the clustering coefﬁcient C. L is the average over the
minimum number of connections that must be traversed to con-
nect two vertices on the network and C is the average value of local
connectivity in the neighborhood of a vertex:
C ¼ 1
N
X
i
Ki
NiðNi  1Þ=2 ð1Þ
where Ni is the number of neighbors of a vertex i and Ki is the num-
ber of edges among the neighbor vertices of vertex i. L and C values
can be approximated for the random or regular network with the
same number of vertices N and edges K with the network under
study. Thus, the formulas Lrandom = ln(N)/ln(k), Crandom = k/N, Lregu-
lar = N(N + k  2)/[2k(N  1)] and Cregular = 3(k  2)/[4(k  1)] were
used [5]. It is noted here once again that regular networks are char-
acterized by great L and C, random networks by small L and C and
that a network can be classiﬁed as a SWN when it has a small or
intermediate L (LP Lrandom) and a high C (C >> Crandom).
For protein similarity networks, we also calculated the Fraction
of All Possible Edges (FAPE) that actually occur between members
of two folds i and j, FAPEfold(i, j) (1 6 i, j 6 27), and measure the
connectivity found between the two folds. Similarly, we calculated
FAPE values for classes FAPEclass(i,j) (1 6 i, j 6 4). Betweenness of a
vertex in a network is a centrality measurement [23] that was uti-
lized for the study of constructed networks, as well. The between-
ness Bi of a vertex i in a network composed by a set G of N vertices
is deﬁned:
Bi ¼
P
s–i–t2G
s–t
rstðiÞ
ðN  1ÞðN  2Þ ð2Þ
where rst(i) is 1 if the shortest path between vertices s, t goes
through the vertex i, otherwise is 0. Vertices that occur in many
shortest paths between other vertices have higher betweenness val-
ues than vertices that do not and are considered essential in the
network topology. It is noted here that the degree of a vertex, that
is the number of neighbors of a vertex, is another centrality mea-
surement that is usually used to assess the importance of a vertex
in a network and characterize it as a hub. However, both centrality
measurements have been found highly correlated, while high
betweenness values characterize another set of important vertices
called bottlenecks that serve as bridges in a network and connect
separated sub-clusters [24]. Here the measurement of betweenness
was used in order to reveal essential vertices that will be called
hubs. These can indirectly connect other vertices and make animportant contribution to the generation of a SWN by giving the
property of a short L. For the sake of completeness, the degree dis-
tribution P(k) was also calculated for the constructed protein simi-
larity networks. Finally, we used the NEATO utility of the program
Graphviz [25] for the graphic visualization of the networks which
constructs layouts of undirected graphs. The graphic visualization
of the networks allowed us to better conceive their overall struc-
ture, e.g. the clustered groups of vertices and the way they are
interconnected.3. Results
The constructed similarity networks both at sequence and
structural levels were simultaneously analyzed and compared in
terms of overall network topology and betweenness measure-
ments, and similarity interrelations between folds/classes de-
scribed above.3.1. Topology of protein similarity networks at structural and sequence
levels
The interconnectivity found among all structures/sequences
and the randomness or regularity that characterizes the con-
structed networks were here studied. Regarding the use of se-
quence-derived features, the criterion dist 6 1.6 yielded a sparse
(S = 9.3%) not fully connected network that was then used to get
a fully connected (S = 19.7%) network by removing isolated verti-
ces. When the local sequence alignment similarity was used
(E 6 0.005), very sparse not fully connected (S = 1.1%) and fully
connected (S = 1.4%) were obtained. The ZP 2 criterion led to not
fully connected (S = 8.4%) and fully connected (S = 10.9%) structural
similarity networks. Parameters N, S, k, fraction of ﬁnite paths and
number of isolated vertices are reported for the constructed net-
works in Table 2. The interconnectivity within the networks re-
veals consecutive transitions of similarity between proteins
which can connect even proteins that are distant on the networks.
The interconnectivity was clearer at the structural level (ZP 2)
and the sequence level for the criterion E 6 0.005. Thus, for the
structural network (S = 8.4%, k = 24.9) 76.2% of all possible paths
were ﬁnite. For this network, 38 out of 296 proteins (13%) were
found isolated (as orphans or in isolated groups) from the largest
connected cluster and were removed in order to get a fully con-
nected network. For the even more sparse similarity network that
uses the E-value criterion (S = 1.1%, k = 3.4) 78.7% of all possible
paths are ﬁnite and only 35 out of 311 (9%) were found isolated
from the big cluster. On the other hand, we had to remove 97 out of
311 sequences (35%) from the sequence similarity network with
criterion dist 6 1.6 that were found isolated in order to get a fully
connected similarity network.
Graphic depictions of the symmetric adjacency matrices of the
protein sequence and structural similarity networks are presented
in Fig. 1. On these depictions, a dot (.) represents an edge between
two vertices i and j, 1 6 i, j 6 311 for sequences and 1 6 i, j 6 296
for structures (the indexing of proteins along the x, y axes follows
the order of the folds as presented in Table 1). The adjacency matri-
ces tend to be denser in regions near the diagonal thus showing the
clustering of proteins in fold or classes, while this is more obvious
in the depiction of structural similarity network as fold and class
assignment derives from the study of protein structures. Single
dots located far from the region around the diagonal depict the
similarity found between proteins that belong to different classes
or folds. These actually correspond to random edges and along
with the clustering found may contribute to the constructed simi-
larity networks properties of a SWN. This assumption was proven
true by calculating L and C for the fully connected similarity
Table 2
Network topology analysis of protein similarity networks.
Similarity
network
Vertices N Isolated
vertices
Sparsity S (%) Degree k Finite
paths (%)
Vertices N* Isolated
vertices*
Sparsity S (%)* Degree k* Finite
paths (%)*
Sequences dist 6 1.6 311 97 (93 orphans and 2
isolated pairs)
9.3 28.9 47.3 214 0 19.7 41.9 100
Sequences E 6 0.005 311 35 (30 orphans and 5 in
isolated groups with up
to 3 members)
1.1 3.4 78.7 276 0 1.4 3.8 100
Structures ZP 2 296 38 (13 orphans and 25 in
isolated groups with up
to 13 members)
8.4 24.9 76.2 258 0 10.9 28.0 100
Attributes marked by asterisk () correspond to values obtained for the fully connected networks.
Fig. 1. Graphic depiction of the adjacency matrix of protein sequence similarity networks (dist 6 1.6) (a), (E 6 0.005) (b) and protein structural similarity network (ZP 2) (c).
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works of same sparsity, as well (see Section 2.3). Thirty (30) ran-
dom networks of same sparsity were, also, constructed by
permutation of edges in the fully connected similarity networks
and mean values and standard deviations of L and C were calcu-
lated. Results are presented in whole in Table 3. Comparison of L
and C values with the corresponding values of the two extreme
networks show that the similarity networks have a large C and
an intermediate L-value, that is they possess SWN properties.
Fig. 2 presents the degree distributions for the constructed pro-
tein similarity networks. All three distributions are featured a long-
tail, i.e. few low degree values are very frequent and the remaining
values till the maximum one appear less. Large degree values are
very rare and correspond to a small number of vertices that have
a big number of neighbors in the network. It is noted here that a
long-tail degree distribution and, more speciﬁcally a power low
distribution, characterizes the scale-free networks to which the
family of SWNs belong [3].
3.2. Similarity interrelations in the protein similarity networks at fold
and class levels
We proceeded next to the calculation of FAPEfold(i, j),
(1 6 i, j 6 27), and FAPEclass(i, j), (1 6 i, j 6 4), for the not fully con-
nected versions of the protein sequence similarity network (dis-Table 3
L and C results for protein sequence and structural fully connected similarity networks.
Similarity network L C Lrandom
Sequences dist 6 1.6 2.414 72.6 1.446 (1.803 ± 0
Sequences E 6 0.005 4.696 14.8 4.183 (4.450 ± 0
Structures ZP 2 3.339 72.6 1.685 (1.932 ± 0
Values in the parentheses correspond to mean value and standard deviation obtain fort 6 1.6) (Table 4) and structural similarity network (ZP 2) (Table
5), which are of almost the same sparsity (S  8–9%). Analysis of
the values obtained for these two networks can (i) show the exis-
tence of certain interrelations between or within folds and classes
and (ii) assess the power of the sequence-derived features in the
discrimination of folds and classes. The structures autocorrelated
very well at fold level (most FAPEfold(i, i) were at least 75%) and less
at class level (FAPEclass(i, i) values ranged from 14.2% to 37.9% with
a maximum value for the a/b class), since class assignment de-
pends on structural features but in a more abstract way. Structural
similarity at class level existed only between members of the same
class and the maximum FAPEclass(i, j) (i– j) is equal to 1.5%, found
between the a and the a/b classes. FAPEfold values at sequence level
showed that sequences present mostly higher correlation values
between different folds than structures. In order to conﬁrm this,
we utilized the sign test for pair-wise comparisons and showed
that there is a statistically signiﬁcant difference between FAPEfol-
d(i, j) (i– j) at sequence and structural levels. The calculations were
done including similarity interrelations of folds in same classes (we
got a p-value p1 << 0.001 value) or not (we got a p-value
p2 < p1 << 0.001). FAPEclass values at sequence level showed that
classes autocorrelate less at sequence than structural level for
three out of four classes (we obtained FAPEclass autocorrelative val-
ues up to 5.2% for all classes except the a/b class where we got a
very high value equal to 47.2%). FAPEclass(i, j) (i– j) values showedCrandom Lregular Cregular
.0008) 19.57 (19.58 ± 0.001) 3.045 73.2
.023) 1.39 (0.92 ± 0.32) 36.371 48.5
.001) 10.86 (10.88 ± 0.001) 5.089 72.2
L and C in the constructed random networks of same sparsity.
Fig. 2. Degree distribution of protein sequence similarity networks (dist 6 1.6),
(E 6 0.005) and protein structural similarity network (ZP 2).
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than structural level (we only got an equal value of FAPEclass(i, j)
(i– j) at structural and sequence levels for the case of a + b and
b interrelations). The maximum FAPEclass(i, j) (i– j) was found for
the case of b and a/b class similarity interrelations and is equal
to 7.2%, greater than the corresponding maximum value in the case
of the structural similarity network. The facts that (i) the autocor-
relation values in all folds and classes a, b and a + b at the level of
sequence similarity network (dist 6 1.6) are lower than the ones at
structural level and (ii) there are higher correlation values between
different folds and classes in the sequence similarity network,
show that there is a major noise component within the sequences
and in particular within the sequence-derived features when used
for sequence-based fold and class assignment. From the FAPEfold
values it can be seen that proteins belonging to the last (27th) fold
of the a + b class show great level of dissimilarity either internally
or with other folds both at structural and sequence level. Actually,
this fold is the one that all its members had to be removed com-
pletely in order to get fully connected similarity networks. On
the other hand, folds which have high FAPEfold values with others
(folds 1, 4, 5, 7, 9–10, 15–24 at structural level, and folds 1, 7–10,
12, 15–24 at sequence level) contributed to the interconnectivity
in the networks. At an upper level, the main interconnectivity be-
tween classes occurred mainly due to the similarity interrelations
of the a/b class to other classes (the a/b and a classes are mostly
interrelated regarding structures, while the a/b and b classes are
mostly interrelated regarding sequences).
3.3. Graphical depiction of the sequence and structural similarity
networks
Visualizations of sequence similarity networks (dist 6 1.6,
E 6 0.005) and structural similarity (ZP 2) network obtained
using Graphviz are presented in Fig. 3a–c, respectively. Fig. 3a de-
picts the high level of interconnectivity and clustering between se-
quences of the a/b class, the low level of clustering of sequences
within the a and b class and almost no clustering within the
a + b class. Thus, it can be inferred that class assignment based
on the sequence-derived features is easier for the a/b class than
other classes. The high interconnectivity within this class makes,
on the other hand, more difﬁcult the prediction of its folds based
on sequences than other folds whose sequences form clustered
and more separated groups (folds 1, 5 and 15). Fig. 3b depicts less
clustering within the a/b class when the local alignment similaritymeasure is used, however, some of the folds (1, 3, 7, 8, 15, 16) clus-
ter well. The highest level of clustering is the one among structures
(Fig. 3c) and corresponds to subsets of classes and folds. Many iso-
lated structures were found in groups of structures of the same fold
and folds 1, 2, 4, 5, 6, 7, 8, 10, 13, 15, 17, 19, 21, 22, 23 and 24 con-
structed fully connected networks of structures. Fig. 3c shows the
direct interconnectivity that is present at structural level between
proteins of folds of the same class, e.g. folds 1–5, 7–9, 11–14, 12–15
or between proteins of folds of different classes, e.g. folds 1–17,
15–17 and 15–26. Indirect interconnectivity of proteins is also
shown, e.g. folds 1–26 through 17 or fold 4–15 through 17, and
is actually the way that most folds from different classes are inter-
connected in a shortest path. It is apparent that structures of the a/
b folds with many neighbors in the structural similarity network
mediate the shortest path of interconnectivity between structures
(even of different classes) and, thus, may serve as hubs in the
network.
3.4. Identiﬁcation of hubs
In order to reveal potential hubs in the structural similarity net-
work, we calculated the betweenness for all structures in the net-
work (values in descending order are plotted in Fig. 4). Only a small
number of structures, namely the hubs in the network, are of high
centrality according to betweenness values, while 157 out of a total
of 296 structures are featured a betweenness equal to zero. We
identiﬁed the top 20% of vertices, i.e. a total of 60 vertices, accord-
ing to betweenness and the folds they belong to (Table 6, Column
2). The same proportion (20%) was used in [24], as well, in order to
characterize vertices as hubs according to the degree measurement
in biological networks constructed by the authors. Results show
the abundance of some folds in the top 20% of vertices, namely
folds 1, 7, 12, 16, 17 and 26, and infer that the a/b class is repre-
sented more than other classes in this proportion. Betweenness
values of all sequences in the sequence similarity network (dis-
t 6 1.6) showed again that a small number of vertices are of high
centrality, while 188 out of 311 sequences are of zero betweenness
(Fig. 4). The top 20% of vertices and the fold they belong to are pre-
sented in Table 6, Column 4. Fold 16 (a/b class) is represented quite
more than other folds in the top 20% of sequences according to
betweenness, while folds 1, 7 and 9 are also well represented.
The corresponding results for the similarity network (E 6 0.005)
showed again the existence of hubs that belong to certain folds
and in particular to the a/b class (Fig. 4, Table 6, Column 6). It is
important to note that certain folds (1, 7, 16) are commonly well
represented in all sets of structures/sequences of highest between-
ness that serve as hubs in the networks.
3.5. Fold sequence and structural similarity networks
The layout of the fold sequence (dist 6 1.6, E 6 0.005) and struc-
tural similarity network (ZP 2) and structural similarity networks
are presented in Fig. 5a–c, respectively. Clustering of folds into the
four classes appeared more at structural than at sequence level. Se-
quence similarity networks appeared less sparse (N = 27, S = 50.4%,
k = 13.1 for dist 6 1.6, N = 27, S = 45.3%, k = 11.8 for E 6 0.005) than
structural similarity network (N = 27, S = 23.4%, k = 6.1). However,
there is a common subset of isolated folds (folds 11 and 27) in fold
similarity networks (dist 6 1.6) and (ZP 2) and a high intercon-
nectivity within the a/b class in all three networks. The between-
ness values for all folds in the fold structural (ZP 2) and
sequence similarity (dist 6 1.6, E 6 0.005) networks are presented
in Table 6 in Columns 3, 5 and 7, respectively. Results on fold
betweenness are mostly in accordance with results on between-
ness of protein vertices. Thus, folds 1, 7 and 16 are the ones that
appear to have betweenness among the top eight values in all fold
Table 4
FAPEfold (a) and FAPEclass (b) values for the protein sequence similarity network (dist 6 1.6).
(a) FAPEfold
a 1 49.1
2 1.1 14.3
3 0 0 8.3
4 1.1 2.0 0 14.3
5 6.0 0 0.9 0 16.0
6 0 0 0 0 1.9 16.7
b 7 0 0 0 1.4 0 0.6 4.7
8 0.9 0 0 3.2 0 0 1.9 18.5
9 1.4 0 0 8.9 0.7 0 6.7 9.0 43.8
10 0 0 0 2.0 0 0 3.3 4.8 14.3 22.4
11 0 0 0 0 0 0 0 0 0 0 12.5
12 0 0 0 1.1 0 0 1.0 4.3 1.9 0 0 8.9
13 0 0 0 0 0 0 0 2.8 0.8 3.6 0 0 12.5
14 0 0 0 0 0 0 0.4 0 0.7 3.2 0 0 0 13.6
15 0 0 0 0 0 0 0.4 2.5 1.4 7.9 0 0.9 0 0 33.3
a/b 16 3.7 0 0 8.9 1.9 2.9 5.2 9.2 34.1 6.9 0 9.8 1.7 2.3 3.8 79.1
17 0.7 0 0 7.8 0 0 3.3 3.0 37.5 7.8 0 2.8 1.1 3.0 2.0 60.2 66.9
18 0 0 0 1.3 0 0 0.9 1.0 9.1 5.2 0 2.1 0 3.0 1.0 38.9 30.6 32.2
19 0.6 0 0 6.6 0 0 2.6 7.7 20.2 3.3 0 3.6 1.9 1.7 0.9 46.9 46.9 23.1 45.6
20 0 0 0 1.4 4.4 1.7 4.3 0 13.8 0 0 4.6 0 0 0 53.1 39.1 20 23.8 72.0
21 0.9 0 0 1.6 1.2 0 0.7 1.2 6.9 0 0 0.9 0 0 0 18.8 11.1 3.0 9.4 12.2 13.6
22 0.8 0 0 5.7 3.3 1.7 3.7 3.3 17.5 2.9 0 8.5 3.8 0 2.2 50.7 39.1 29.1 30 43.0 12.2 48.0
23 2.8 0 0 10.4 1.0 0 7.0 13.1 48.9 14.3 0 4.9 1.1 7.1 8.1 66.8 59.5 33.1 42.0 37.3 13.1 39.1 68.6
24 2.1 0 0 11.7 0 3.0 8.2 13.1 33.5 7.8 0 11.9 2.3 0 3.0 86.2 76.0 60.3 59.4 64.5 24.2 57.3 71.1 95.0
a + b 25 0 0 0 0 0 0 0 0 0.9 0 0 0 0 0 0 0.5 2.6 0 2.2 2.9 0 0 2.6 0 14.3
26 0 0 0 3.3 0 0 0.5 0.9 5.3 0 0 0.6 0 0 0.9 13.0 9.8 4.9 5.9 7.7 1.7 6.9 9.1 14.7 0 7.7
27 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 7.7
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
a b a/b a + b
(b) FAPEclass
a 5.2
b 0.4 3.9
a/b 1.6 7.2 47.3
a + b 0.2 0.5 3.8 3.0
a b a/b a + b
FAPE values are marked in bold when FAPEP 10.
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Table 5
FAPEfold (a) and FAPEclass (b) values for the protein structural similarity network (ZP 2).
(a) FAPEfold
a 1 100
2 1.3 94.4
3 3.2 0 70.8
4 39.6 0 1.2 83.7
5 51.6 0 0 77.6 91.8
6 6.4 0 0 16.7 0 77.8
b 7 0 0 0 0 0 0 95.6
8 0 0 0 0 0 0 60.9 100
9 0 0 0 0 0 0 7.9 2.8 86.7
10 0 0 0 0 0 0 4.9 0 25.0 88.9
11 0 0 0 0 0 0 0 0 0 0 78.1
12 0 0 0 0 0 0 0 0 0 0 0 43.2
13 0 0 0 0 0 0 0 0 0 0 0 0 100
14 0 0 0 0 0 0 0 0 0 0 1.6 0 0 59.4
15 0 0 0 0 0 0 2.5 0 0 5.6 0 0.9 0 0 85.2
a/b 16 0.5 0 0.3 0 0.5 0 3.4 0.8 0 0 0 0 0 0 0 81.4
17 8.4 0 2.3 10.4 11.7 0 0 0 0 0 0 0 0 0 1.0 6.8 100
18 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 31.2 73.6 83.5
19 1.2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 31.3 94.4 88.8 100
20 0 0 0 4.8 6.3 3.7 0 0 0 0 0 0 0 0 0 31.3 28.3 72.7 70.1 77.8
21 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.8 18.2 25.3 9.4 6.2 92.6
22 7.7 0 0.9 0 0 0 0 0 0 0 0 0 0 0 1.2 6.0 3.0 12.1 21.4 17.3 0 87.7
23 0.7 0 0 9.1 0 3.0 0 0 0 0 0 0 0 0 6.1 21.1 15.7 66.1 67.1 42.4 4.0 4.0 88.4
24 9.8 0 0 2.6 0 0 0 0 0 0 0 0 0 0 0 19.8 33.1 61.2 45.5 36.4 33.3 14.1 35.5 95.0
a + b 25 0 0 0 0 0 0 0 0 0 0 0 14.3 0 0 0 0 0 0 0 0 0 4.8 0 0 59.2
26 0 0 0 0 0 0 0.3 0 1.1 0 0 0 0 0 0 0 5.0 2.5 0 0 0 0 0 1.7 0 62.0
27 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 16.7
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
a b a/b a + b
(b) FAPEclass
a 26.9
b 0 16.7
a/b 1.5 0.3 37.9
a + b 0 0.5 0.4 14.2
a b a/b a + b
FAPE values are marked in bold when FAPEP 10.
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Fig. 3. Graphical representation of protein sequence similarity networks (dist 6 1.6) (a), (E 6 0.005) (b) and protein structural similarity network (ZP 2) (c) using Graphviz.
Light grey, dark grey, black and white spheres correspond to the a, b, a/b and a + b class. The numbering inside the spheres corresponds to the fold index according to Table 1.
Fig. 4. Betweenness values of all vertices in protein sequence (dist 6 1.6, E 6 0.005)
and protein structural similarity network (ZP 2) in descending order for each
network separately.
264 I. Valavanis et al. / Journal of Biomedical Informatics 43 (2010) 257–267similarity networks, fold 9 appears again as a hub at sequence level
(dist 6 1.6) and folds 17 and 26 at structural level. Results show
that the a/b class contains more than other classes folds that serve
as hubs in the fold structural similarity network.4. Discussion
At structural level, the protein similarity network featured a
high interconnectivity that kept the fraction of ﬁnite paths be-
tween proteins high (76%), while high level of clustering was ob-
served within folds and classes. The gregariousness of some folds
obvious, as well, in this network can be related with their struc-
tural properties. Thus, proteins of fold 17 (FAD (also NAD)-binding
motif) and fold 19 (NAD(P)-binding Rossman-fold) are located
nearby on the network (Fig. 3c), are related by high FAPEfold values
and are separated from the well interconnected a/b class due to
the fact that both folds are Rossmanoid. Similarly, folds 4 (4-helical
up-and-down bundle) and 5 (4-helical cytokines) are related better
than others due to their common core of 4-helical bundle with a
left-handed twist, and folds 7 (Immunoglobin-like b-sandwich)
and 8 (Cupredoxins) due to their common sandwich core (7
strands in two sheets, greek-key). The random edges found be-
tween structures of different folds correspond to the similarity
transition among proteins at the structural level following the evo-
lutionary pathways at this level. The isolated structures (38 out of
296) can be the result of serious alterations during biological evo-lution that kept them out of the big connected group of proteins or
can be the result of missing folds in the protein set used here. The
most frequent existence of random edges between proteins of the
a/b class to other classes is in accordance with the ﬁnding that the
a/b class is the most ancestral one and was followed by the a + b, a
and b class that derived from the a/b class. This was recently re-
ported by Caetano-Anollés et al. [26], where authors used cladistic
tools to trace the evolution and compare systematically the archi-
tecture of protein molecules classiﬁed by SCOP in folds. The ances-
trality of the a/b class was also reported in [27] where authors
used protein fold occurrence data and phylogenetic trees to esti-
mate relative ages of protein folds.
The consecutive structural similarity steps implied by consecu-
tive edges show intermediate steps in evolution which may corre-
spond to indels/substitutions of single structural elements (a-
helix, b-strand, loop, b-hairpin etc.) that are common events in
molecular evolution [28]. One single alteration on a structural ele-
ment cannot radically change the protein structure (e.g. change the
class) but a series of alternating steps can transform it. For exam-
ple, a series of deletions/substitutions of b-strands is illustrated
by an all-b to all-a path and an a/b structure is an intermediate
step in the similarity transition that occurs [28]. This can be de-
picted in the structural similarity network by a set of edges: e.g.
b? b, b? a/b, a/b? a, a? a. It is important to note that direct
(e.g. a/b? a) or indirect similarity transition (e.g. a? a/b? b)
is contributed mainly by few structures that dominate the network
activity as hubs and are considered to be the more essential. This
was proven true by calculating the betweenness centrality mea-
surement for all vertices in the protein structural similarity net-
work and is in accordance with the overall characterization of
the network as a SWN. The betweenness of folds in the constructed
fold similarity networks showed that some folds are of higher cen-
trality than others, as well. It is a remarkable ﬁnding that fold-hubs
or folds containing structure-hubs are among the ones that were
found ancestral in [26]. Thus, fold 16 (TIM-barrel), fold 1 (Globin-
like), fold 17 (FAD (also NAD)-binding motif), fold 12 (OB-fold)
and fold 26 (ferredoxin-like) are featured here with higher
betweenness values than others in the protein or fold structural
similarity network. In order to verify the overlap of hubs and the
ancestral folds 1, 12, 16, 17 and 26 in the protein similarity net-
work, we considered the total number of vertices of each fold (Ta-
ble 1) and utilized the hypergeometric distribution. Thus, we
calculated the probability P(X < t) of getting less the t proteins of
a fold in the upper 20% of proteins (60 in number) according to
betweenness values, where t is the actual number we got. Results
for the speciﬁc folds, presented in Table 6, Column 2, show that
getting a number of proteins in the subset of hubs as high as the
Table 6
Results on betweenness measurements in sequence and structural similarity networks of proteins and folds.
Fold Structures (ZP 2) Sequences (dist 6 1.6) Sequences (E 6 0.005)
Top Fold Top Fold Top Fold
20%a betweennessb 20%a betweennessb 20%a betweennessb
a Class
1. Globin-like 5(0.90) 13.85 5(0.91) 7.38 4(0.77) 5.23
2. Cytochrome c 1 0 0 0 2 3.69
3. DNA-binding 3- helical bundle 4 0 0 0 1 1.54
4. 4-helical up-and-down bundle 2 0.92 1 5.85 1 2.46
5. 4-helical cytokines 2 0 2 8.62 0 5.23
6. Alpha;EF-hand 2 0 0 0.62 2 0.92
b Class
7. Immunoglobin-like b-sandwich 5 10.46 7 7.38 7 23.39
8. Cupredoxins 0 0 1 3.08 2 4
9. Viral coat and capsid protein 1 0 9 10.46 4 1.85
10. ConA-like lectins/glucanases 1 0 4 0 1 0.31
11. SH3-like barrel 0 0 0 0 0 0
12. OB-fold 4(0.74) 1.23 2(0.25) 0 0 2.77
13. Trefoil 0 0 0 0 1 0.31
14. Trypsin-like proteases 0 0 0 0 1 0
15. Lipocalines 4 11.08 2 0 3 1.23
a/b Class
16. (TIM)-barrel 7(0.67) 15.39 16(0.99) 0.62 12(0.99) 3.38
17. FAD (also NAD)-binding motif 6(0.99) 11.39 0 0 4(0.86) 0.31
18. Flavodoxin-like 3 0 0 0 0 0
19. NAD(P)-binding Rossman-fold 1 0 3 0 3 0.31
20. P-loop containing nucleotide 0 0.62 1 0 4 2.15
21. Thioredoxin-like 0 0 1 0 1 0
22. Ribonuclease H-like motif 2 4.92 2 0 1 0
23. Hydrolases 3 1.54 1 0 1 0.92
24. Periplasmic binding protein-like 1 0 2 0 5 0.62
a + b Class
25. b-Grasp 1 0 0 0 0 0
26. Ferredoxin-like 5(0.95) 1.23 1(0.06) 0 0 0
27. Small inhibitors, toxins, lectins 0 0 0 0 0 0
a Corresponds to the number of protein of each fold that were found in the top 20% of vertices according to betweenness in protein sequence and structural similarity
networks. Values in parentheses correspond to the probability of getting a number of vertices in the top 20% from one of the ancestral folds (folds 1, 12, 16, 17 and 26) less
than the one we got according to the hypergeometric distribution.
b Corresponds to the betweenness value of each fold obtained in fold sequence and structural similarity networks.
Fig. 5. Graphical representation of fold sequence similarity networks (dist 6 1.6) (a), (E 6 0.005) (b) and fold structural similarity network (ZP 2) (c) using Graphviz. Light
grey, dark grey, black and white spheres correspond to the a, b, a/b and a + b class. The numbering inside the spheres corresponds to the fold index according to Table 1.
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dom manner. In general, the a/b class which was reported as the
more ancestral in [26,27], is represented more than others by
structures or folds of high betweenness. We assume that struc-
tures/folds found here to have high betweenness values have
served as scaffolds that other proteins have arisen from. These
dominate the network activity in the structural similarity networks
of structures and folds, provide to them robustness and make them
tolerant to random removal of vertices. It has to be noted here that
the structural similarity criteria ZP a, a > 2 have been used in
other studies [9,10]. Here we selected the criterion ZP 2 whichimplies signiﬁcant structural similarity [11,20] and constructed
protein similarity network that can host more similarity transi-
tions than stricter criteria. Structures of folds that are here of high
betweenness in the fold structural similarity network, namely
folds 1, 4, 7, 12, 15, 16, 17, 20, 22, 23, 26, are presented in Fig. 6.
The small-worldness of a structural similarity network was also
obtained in the work of Sun et al. [11], where a set of representa-
tive structures of folds was used in order to construct a fold simi-
larity network. The constructed network was, however, assessed
only in terms of the overall topology measurements of L and C.
Here, we used the local similarity metric of FAPE and the centrality
Fig. 6. Structures of folds that are of high betweenness in the fold structural similarity network (folds 1, 4, 7, 12, 15, 16, 17, 20, 22, 23, 26).
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protein structural similarity network and related the results with
the ancestrality of proteins. Furthermore, we used the same frame-
work to extend the analysis to sequence similarity networks using
sequence-derived features vectors or the local alignment
similarity.
At sequence level, the interconnectivity found in protein simi-
larity networks kept the fraction of ﬁnite paths moderate high or
high (equal to 47% for criterion dist 6 1.6, and equal to 79% for cri-
terion E 6 0.005). When the local alignment similarity was used
(E 6 0.005), in particular, a small number of edges (k = 3.4) in the
very sparse network (S = 1.1%) ensured that many distant se-
quences on the networks are connected through ﬁnite paths. The
interconnectivity found implies the existence of similarity transi-
tion at this level, too. Clustering in folds and classes in the se-
quence similarity networks was obvious but less when compared
to the protein structural similarity network, while different classes
or folds correlated more in sequence than at structural level as the
many random edges that comprise noise in the sequence similarity
networks suggest (Figs. 1 and 3). This was expected since the dis-
crimination of folds and classes actually is a matter of structures
and structural features remain preserved long after sequence sig-
nal is lost due to mutations, insertions and deletions. Thus, our
work conﬁrms from a network-based point of view that structures
are more conserved than sequences [29]. Consequently, the se-
quence-based network description cannot host the speciﬁc gregar-
iousness of folds due to common structural properties that appear
at structural level: e.g. folds 4, 5 and folds 7, 8. However, we ob-
served again a high interconnectivity within the a/b class, many
similarity interrelations from this class to others and the existence
of hubs that belonged to some ancestral folds: fold 16 (TIM-barrel)
and fold 1 (Globin-like) for the criterion dist 6 1.6, and folds 1, 16
and 17 (FAD (also NAD)-binding motif) for the criterion E 6 0.005.
The hypergeometric distribution was again utilized to verify the
overlap of the hubs and the ancestral folds (Table 6, Columns 4
and 6). The constructed protein sequence similarity networks were
classiﬁed as SWNs, even though 97 out 311 vertices had to be re-
moved in the case of criterion dist 6 1.6 in order to get a fully con-
nected version of the network. A scale-free behavior in the
distribution of sizes of protein sequence families related to evolu-
tion was reported by Unger et al. [30], who, however, did not ana-
lyze local similarities or identiﬁed hubs within the studied protein
set.
The study and comparison of similarity interrelations within
and between folds and classes using FAPE measurements on a net-
work basis comprises another way for the evaluation of sequence-derived features for fold and class assignment. On this basis, the in-
depth study of similarity interrelations showed differences be-
tween the information levels of sequence-derived features and
structures. Thus, we conﬁrmed the still insufﬁcient content of se-
quence-derived features in terms of mining structure-related
information from a protein sequence which, however, carries all
the adequate information for the way the protein structure is
formed. The selection of the most informative sequence-derived
features from the ones used here or from other greater sets, such
the one in [31], and their evaluation in a global network-based
scale is work in progress and preliminary results are presented in
[12].5. Conclusions
In the current study, similarity networks of protein and folds
were constructed using protein similarity criteria based on the
Euclidean distance of sequence-derived feature vectors, local se-
quence alignment using BLAST and structural alignment using
the DALI algorithm. Several measurements that describe the over-
all structure and local topology of networks were calculated in or-
der to analyze for the ﬁrst time simultaneously sequence- and
structure-based similarity networks. Protein similarity networks
were classiﬁed as Small World Networks, whose structure can host
the evolution undertaken at structural and sequence levels. Folds
that dominate network activity were identiﬁed using the between-
ness centrality measurement and they belonged remarkably to the
ones reported by other researchers as more ancestral recently.
Additionally, the moderate information content of sequence-de-
rived features when used for fold and class assignment was shown
here on a network basis by the in-depth comparison of similarity
networks constructed.
The network-based approach and the use of overall or local net-
work topology measurements presented here can serve as the ba-
sis for the analysis of other biological sets, whose elements are in a
way interrelated with each other and a sort of information ﬂow
takes place within them. Such an information ﬂow, simply ex-
pressed by the existence of an edge in a network, could be due
to similarity transition and thus the described methodology could
be applied for the analysis of gene and protein sets using other
similarity criteria, e.g. based on the function they perform. The
study of the overall topology of such networks could for example
reveal some regularity found within their elements implying their
hierarchical character, while the local topology measurements
could reveal elements of greater importance than others. Given
I. Valavanis et al. / Journal of Biomedical Informatics 43 (2010) 257–267 267that a similarity criterion has been deﬁned, the constructed simi-
larity network could also be used in order to rank its elements
depending on their distance to a query object as it was recently
done in [22]. A similarity network-based ranking can, thus, com-
prise another way for genes/proteins retrieval from databases or
fold/class recognition of proteins. Alternatively, the simultaneous
use of measurements used here can be applied to networks where
an information ﬂow different from similarity transition takes place,
e.g. networks describing metabolic pathways, biological neural
networks or the food chains within an ecosystem.Acknowledgments
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